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Abstract Two multivariate statistical technologies, factor
analysis (FA) and discriminant analysis (DA), are applied
to study the river and groundwater hydrochemistry and its
controlling processes in the Sanjiang Plain of the northeast
China. Factor analysis identifies five factors which account
for 79.65 % of the total variance in the dataset. Four factors
bearing specific meanings as the river and groundwater
hydrochemistry controlling processes are divided into two
groups, the ‘‘natural hydrochemistry evolution’’ group and
the ‘‘pollution’’ group. The ‘‘natural hydrochemistry evo-
lution’’ group includes the salinity factor (factor 1) caused
by rock weathering and the residence time factor (factor 2)
reflecting the groundwater traveling time. The ‘‘pollution’’
group represents the groundwater quality deterioration due
to geogenic pollution caused by elevated Fe and Mn (factor
3) and elevated nitrate (NO3
-) introduced by human
activities such as agriculture exploitations (factor 5). The
hydrochemical difference and hydraulic connection among
rivers (surface water, SW), shallow groundwater (SG) and
deep groundwater (DG) group are evaluated by the factor
scores obtained from FA and DA (Fisher’s method). It is
showed that the river water is characterized as low salinity
and slight pollution, and the shallow groundwater has the
highest salinity and severe pollution. The SW is well
separated from SG and DG by Fisher’s discriminant
function, but the SG and DG can not be well separated
showing their hydrochemical similarities, and emphasize
hydraulic connections between SG and DG.
Keywords Hydrochemistry  Factor analysis 
Discriminant analysis  The Sanjiang Plain
Introduction
The Sanjiang Plain, as a part of the Songhua River basin, is
located in the northeast part of China, and it is one of the
biggest and most important grain production bases in
China. Large areas of wetlands have been exploited into
crop lands since 1950s. In 2005, the area of crop lands was
about 55,688 km2, three times than that in 1954 (Song et al.
2008). On one hand, agriculture boom and development of
cities have increased the demand of freshwater, on the
other hand, the local surface water and groundwater quality
have been deteriorated by the discharge of domestic and
agricultural sewage. Elevated nitrate have been found both
in rivers and shallow groundwater in the Sanjiang Plain
(Cao et al. 2012). Another problem existing in the study
area is the geogenic pollution caused by elevated Fe and
Mn ranging from 0.3–24 to 0.2–0.4 mg/L, respectively
(Yang et al. 2008), which have exceeded the drinking water
sanitary standard (DWSS) of China (0.3 mg/L for Fe and
0.1 mg/L for Mn). Recent years, for the deterioration of
shallow groundwater quality, well depths in some rural
areas have reached from 50 m to almost 100 m. Extrac-
tions of deep groundwater may lead to pollutants
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transporting vertically from shallow groundwater to deep
groundwater, resulting in a more serious problem to be
dealt with. Therefore, it is necessary to identify the
hydraulic connections among different water bodies such
as rivers (SW), shallow groundwater (SG) and deep
groundwater (DG).
Cao et al. (2012) have given a detailed analysis of the
characteristics of nitrate in major rivers and aquifers of the
Sanjiang Plain, but there are no reports found about the
analysis of regional hydrochemical characteristics. Multi-
variate analysis, such as factor analysis (FA), discriminant
analysis (DA) and cluster analysis (CA), aiming to interpret
the governing processes through data reduction and clas-
sification, are recognized as powerful tools to deal with the
increasing number of hydrochemical parameters. They
have been effectively and widely applied to assessment of
surface water quality (Panda et al. 2006; Shrestha and
Kazama 2007; Yidana et al. 2008, 2010), evaluation of the
hydrogeochemical characteristic of groundwater (Cloutier
et al. 2008; Papatheodorou et al. 2007; Yidana et al. 2010)
and identification of groundwater contaminations (Dragon
2006; Kim et al. 2009; Zhou et al. 2007).
In this paper, two multivariate statistical analysis
methods including FA and DA have been applied (1) to
analyze the general characteristics of surface water (rivers)
and groundwater hydrochemistry and their controlling
factors; (2) to discriminate the hydrogeochemical differ-
ence among the SW, SG and DG; and (3) to deduce the




The Sanjiang Plain (1294604200–1350501000E, 46060
3000N–482800600N) is the alluvial plain within the Songhua
River basin, northeast part of the Heilongjiang Province,
China. The Xiao Xing Anling Mountains with a maximum
elevation of 1,429 m above mean sea level and Wandashan
Mountain with a maximum elevation of 831 m are found
along the west side and southwest side of the study area.
The north, east and southeast boundaries of the study area
are the Heilong River, the Wusuli River and the Naoli
River, respectively. The Songhua River and Naoli River
flow through the plain and confluents with the Heilong
River and Wusuli River, respectively (Fig. 1). The Sanji-
ang Plain has a generally flat topography declining from
the southwest to the northeast with a slope gradient of
about 1:5,000–1:10,000 except for some highlands in the
center of the plain.
Fig. 1 Study area and sampling
sites in the Sanjiang Plain
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The study area located in temperate continental mon-
soon zone with annual mean temperature of 1.9 C, the
mean temperature in July and January is 22 and -21 C,
respectively (Sun and Song 2008). The annual precipitation
is 500–650 mm, about 65 % of which occurring from June
to August.
Geology and hydrogeology
The aquifers mainly consist of quaternary alluvial deposits,
principally sandy gravels, medium and fine sands, sandy
clays and silts. Underlain and surrounded by structurally
disturbed base rocks of pre-Quaternary and older epochs,
the thickness of aquifer varies from 50 to 300 m. Generally
speaking, the thickness of sediments around the Suibin city
in the west part of the study area is about 300 m and the
size of deposits is coarser than other parts. The sediment
around the line of Tongjiang-Fujin-Shuangyashan is
mainly medium sands in a range of 50–100 m in thickness
and the pre-Quaternary rocks crop out can be found beside
the Fujin area (Yang et al. 2008). Vertically, the grain size
of quaternary deposits in the layer above 60 m in depth is
coarse, constituting the main aquifer in Sanjiang plain.
Based on the 14C (Yi and Wang 2004) and CFCs (Cao et al.
2013) age dating results, the groundwater samples in this
study have been classified into shallow groundwater and
deep groundwater samples with sampling depth smaller
than 50 m and larger than 50 m, respectively.
Materials and methodology
Sample collection, chemical analysis and data
preparation
34 groundwater water samples and 23 surface water sam-
ples were collected in the study area in September 2007 and
September 2009 (Fig. 1). Field parameters pH, temperature
(T), electrical conductivity (EC), redox potential (ORP) and
dissolved oxygen (DO) of samples were measured by por-
table equipments (Horiba, Japan), and alkalinity was
determined using the acid neutralizing titration on site.
Samples were immediately filtered through a 0.45 lm filter
and filled in two preclean 100 ml bottles at each site for
major ion analysis. All samples were brought back to the
laboratory and stored under a temperature of 4 C. Cations
such as K?, Na?, Ca2? and Mg2?, total Fe, Mn, Al, and
dissolved silica (SiO2) were analyzed by ICP-OES chro-
matography with the limit of detection (LOD) of 0.05
mg/L. Anions such as Cl-, SO4
- and NO3
- were analyzed
by ion chromatography (SHIMADZU LC-10AD) with the
LOD of 0.01 mg/L. Charge balance error of the water
samples is\5 % which is within the limits of acceptability.
Multivariate statistical analysis
Multivariate statistical analysis requires that the observa-
tions conform to normal distribution and the data trans-
forms, such as log-transform (Cloutier et al. 2008), rank-
ordered (Miller et al. 1997) and normalization (Ravic-
handrana et al. 1996; Ruiz et al. 1990), are carried out
before doing multivariate statistical analysis. In this study,
the normality of variables was checked by one-sample
K–S test. When data do not follow normal distribution, log-
transform was selected to improve the data normality. ORP
and Al have been removed from the multivariate statistical
analysis, because the normality improvements of these two
parameters were poor after the log-transformation. All the
statistical analyses were conducted by the PASW Statistics
18.
Factor analysis
Factor analysis is a generic term used to describe a number
of methods designed to analyze interrelationships within a
set of variables or objects (Reyment and Joreskog 1996).
As a kind of dimension reduction technology in multivar-
iate analysis, factor analysis can effectively reduce
numerous data into few variables, the so-called factors. The
underlying but unobservable or the latent processes which
can not be directly revealed by the raw dataset could be
determined through the use of factors and help to draw a
more clear interpretation of the system. Factor analysis can
be applied to the variables (R-mode) or to the cases (Q-
mode). Here, main purpose is set to identify the hydro-
chemical characteristics and the involved controlling fac-
tors. So the R-mode which is dealing with the variables
analysis is selected.
The principle component method was applied to calcu-
late the factor loading matrix. The number of factors were
defined according to the criterion that only factors that
account for variances[1 (eigenvalue-one criterion) should
be included. The rationale for this criterion is that any
component should account for more variance than any
single variable in the standardized test score space (de
Andrade et al. 2008). Varimax procedure (Carroll 1953)
was used for the rotation of the retaining factors to yield an
insight and informative interpretation or a more ‘‘simple
structure’’ of the factor loading matrix. The terms ‘strong’,
‘moderate’, and ‘weak’ as applied to factor loadings refer
to absolute loading values of C0.75, 0.75–0.50 and
0.50–0.30, respectively (Liu et al. 2003). The factor scores
were computed by the regression method which has the
advantage of being the simplest technique and is easy to
apply (Hardle and Simar 2007). Dalton and Upchurch
(1978) have shown that factor scores for each sample could
be related to intensity of the process described by the
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factor. It is pointed out that extreme positive factor scores
(C1) reflected areas most affected and negative scores
(B-1) reflected areas unaffected by the process repre-
sented by the factor, while near-zero scores reflected areas
affected to an average degree of the process.
In addition, the usefulness of factor scores could be
summarized as two points (Reyment and Joreskog 1996).
The first of these is that in general there will be fewer
factors than original variables. Fewer maps or diagrams
were needed for illustrating the spatial distribution of the
variables or parameters and relationship between them. The
second point is that for an orthogonal solution, the factor
scores (‘‘new’’ variables) will be uncorrelated, an important
feature in using other statistical procedures, such as dis-
criminant analysis and cluster analysis.
Discriminant analysis
Discriminant analysis is used in situations where the groups
are known as a priori. The priori groups correspond to
natural classifications or groups known from history or
prior knowledge and also could have been formed by a
cluster analysis performed on past data (Hardle and Simar
2007). In this study, the Fisher’s discriminant method was
used. Fisher’s suggestion was to find the linear combina-
tion of datas which maximizes the ratio of the between-
group-sum of squares to the within-group-sum of squares
(Hardle and Simar 2007). The linear discriminant functions
(LDF) is given by Eq. 1:




where L denotes LDF; p is the number of parameters used
to classify a set of data into a given group; aj is the weight
coefficient assigned to a given selected parameter yj.
Results
Characteristics of general hydrochemistry
The statistical summaries of hydrochemical parameters for
surface water (SW), shallow groundwater (SG) and deep
groundwater (DG) in the Sanjiang Plain are listed in
Table 1. The average of pH is about 8.10 for surface water,
which is more alkaline than that of shallow (7.44) and deep
groundwater (7.45). The shallow groundwater has the
highest EC with an average of 444 ls/cm, and the lowest
EC is observed in the surface water with an average of
153 ls/cm.
Both surface water and groundwater are Ca-HCO3 type.
Prevalent cations are Ca2?[Na?[Mg2?[K?. The
average concentrations of Ca2? are 21, 55 and 39 mg/L for
SW, SG and DG, respectively. HCO3
- is the dominate
anion and is followed by SO4
2- and Cl-. Generally
speaking, averages of the major ions were within accept-
able ranges for domestic and irrigation uses. However,
there are a few samples of elevated concentrations of
NO3
-, Fe and Mn suggesting local pollution in water
environments. The max value of NO3
- in the shallow
groundwater is about 153 mg/L, three times the standard
value (50 mg/L, DWSS). Average concentrations of Fe are
2.42 mg/L (SW), 4.23 mg/L (SG) and 5.04 mg/L (DG),
respectively, which have exceeded the standard value of
0.30 mg/L in DWSS.
Factor analysis
The total dataset except for the parameters of Al and ORP
was analyzed by R-mode factor analysis, and the result is
showed in Table 2. Five factors which explain 79.65 % of
the total variance are obtained based on the criteria for
factor selection (eigenvalues[1.0). Communalities for the
parameters are high ([0.70) for almost all variables except
for Cl- (0.60), SO4
2- (0.68) and SiO2 (0.66), and it indi-
cates that the five-factor model explains the variability of
almost all variables and can be used to indicate dominant
processes controlling the local hydrochemistry without
losing significant characteristics.
Factor 1 explains 29.49 % of the total variance and has
strong positive loadings on EC, Na?, Ca2?, Mg2? and
HCO3
-, moderate positive loadings on Cl- and K?. Factor
2 explains 18.13 % of the total variance of the dataset and
shows a significant bipolar characteristic. It has strong
positive loadings on T and DO, and the negative pole has a
strong loading on SiO2. Factor 3 explains 12.57 % of the
total variance of the dataset and shows strong positive
loadings on Fe and Mn. Factor 4 explains 9.74 % of the
total variance and has a strong positive loading on K?.
Factor 5 explains 9.73 % of the total variance and has a
positive loading on NO3




The Fisher’s discriminant function was used to discrimi-
nate whether there is a significant hydrochemical differ-
ence and hydraulic connections between SW, SG and DG.
Instead of the raw data set, here the factor scores obtained
in the factor analysis were used as the input predictors. As
mentioned above, the factor scores are orthogonal solutions
so they are independent variables. This point is of benefit to
carry out the discriminant analysis because colinearity of
predictors will inflate the importance of some variables in
their discriminant potentials. The number of Fisher’s
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Table 1 Descriptive statistics of physical parameters and chemical compositions for surface water and groundwater in the Sanjiang Plain
Group Parameters Unit Mean Median Min Max STD
Surface water (SW) EC ls/cm 153.93 141.40 30.00 366.00 85.48
pH 8.10 8.13 7.25 8.97 0.45
T oC 16.43 16.10 13.50 19.10 1.68
ORP mv 307.43 305.00 211.00 385.00 49.87
DO mg/L 6.17 6.30 0.00 9.65 1.79
K? mg/L 1.45 1.24 0.00 6.55 1.43
Na? mg/L 10.71 8.46 2.72 35.69 7.37
Ca2? mg/L 21.95 21.91 9.49 43.60 8.66
Mg2? mg/L 6.23 5.30 2.01 17.12 3.62
HCO3
- mg/L 82.86 68.20 28.85 167.81 44.43
Cl- mg/L 4.79 3.69 0.18 14.16 3.84
SO4
2- mg/L 13.52 11.48 0.77 36.65 9.86
NO3
- mg/L 2.44 1.51 0.00 8.48 2.24
Fe mg/L 2.42 2.13 0.40 5.17 1.48
Mn mg/L 0.32 0.12 0.03 1.61 0.42
Al mg/L 1.64 1.00 0.00 5.71 1.70
SiO2 mg/L 16.51 16.00 3.14 27.20 5.44
Shallow groundwater
(SG B50 m)
EC ls/cm 444.38 391.50 201.00 1042.00 245.71
pH 7.44 7.38 6.30 8.45 0.49
T oC 9.60 8.50 6.30 15.40 2.68
ORP mv 186.58 168.00 -4.00 373.00 109.47
DO mg/L 2.64 2.32 0.27 5.80 1.64
K? mg/L 3.26 1.63 0.00 11.20 3.62
Na? mg/L 18.64 16.42 1.23 74.59 15.15
Ca2? mg/L 55.39 44.02 6.69 187.28 44.62
Mg2? mg/L 16.26 14.07 1.66 50.34 11.58
HCO3
- mg/L 203.63 158.69 40.27 649.86 141.85
Cl- mg/L 24.24 11.39 0.25 132.08 35.87
SO4
2- mg/L 24.72 10.06 0.00 128.08 36.38
NO3
- mg/L 19.07 2.72 0.00 153.29 35.78
Fe mg/L 4.23 2.54 0.00 24.59 5.49
Mn mg/L 0.52 0.35 0.00 2.02 0.59
Al mg/L 0.17 0.05 0.00 1.64 0.40
SiO2 mg/L 31.59 27.71 19.01 57.08 10.47
Deep groundwater (DG[50 m) EC ls/cm 313.05 298.00 151.50 536.00 123.56
pH 7.45 7.49 6.89 8.08 0.39
T oC 9.70 9.40 6.80 16.80 2.71
ORP mv 171.55 149.00 28.00 348.00 123.27
DO mg/L 3.60 3.26 0.64 7.28 2.16
K? mg/L 1.95 1.38 0.00 6.11 2.14
Na? mg/L 15.59 14.67 3.38 27.04 6.31
Ca2? mg/L 39.52 34.46 16.81 75.21 17.79
Mg2? mg/L 10.63 11.77 3.70 20.12 4.69
HCO3
- mg/L 177.93 186.23 83.90 238.69 47.39
Cl- mg/L 7.91 2.74 1.02 54.09 15.51
SO4
2- mg/L 8.52 3.50 0.00 34.45 10.87
NO3
- mg/L 2.86 0.96 0.00 7.88 3.00
Fe mg/L 5.04 5.00 0.28 15.71 4.51
Mn mg/L 0.48 0.37 0.02 1.56 0.45
Al mg/L 0.53 0.00 0.00 5.71 1.72
SiO2 mg/L 33.08 37.40 4.28 52.77 15.20
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discriminant functions is related with the number of groups
and number of predictors, and here two functions were
identified and the function coefficients are displayed in
Table 3.
Discussion
Processes controlling the regional hydrochemistry
Based on the factor loadings, the five factors are divided
into two groups, which represent two important geochem-
ical processes controlling the regional hydrochemistry. The
group 1 includes the factor 1 and factor 2, and the group 2
contains the factor 3 and factor 5. Factor 4 with strong
loading on K? have no significant meaning and is elimi-
nated from the following analysis. The chemical parame-
ters EC, Na?, Ca2?, Mg2? and HCO3
- associated with
factor 1 connote salinity enhancement caused by mineral
dissolution (Yidana et al. 2008; Jang 2010), and is defined
as ‘‘salinity’’ factor contributing to most of the TDS for
water samples. It is also the most important process con-
trolling the regional hydrochemistry due to its highest
eigenvalue and ratio explaining the total variance.
In the cation Gibbs (1970) plot the water compositions
are displayed as a function of the dominance of end-
member components Na? at one end and Ca2? at the other.
The relative fractions for cations and anions are plotted
against the total dissolved solids (TDS) on a logarithmic
axis. Rock weathering and dissolution are apparently the
dominant process influencing groundwater hydrochemistry
in the study area (Fig. 2). But some of shallow groundwater
showed a slight deviation from domain controlled by rock
weathering and dissolution and branched into the seawater
controlling domain which indicated that the shallow
groundwater had been further salinized due to evaporation.
Factor 2 has strong positive loadings on T and DO, and
the negative pole has a strong loading on SiO2. This factor
is defined as ‘‘residence time’’ factor, which is reflecting
the traveling time and the evolution of redox conditions for
both surface water and groundwater. Yi (2001) reported
that groundwater SiO2 concentrations increase with sam-
pling depths and the SiO2 can be recognized as a residence
Table 2 Eigenvalues,
percentage and cumulative
percentage explained by each
factor, factor loadings and the
corresponding communalities.
The factors with high loadings
([ 0.75) are shown in bold
The factors are rotated by
varimax method
Factor Eigenvalues Percent of variance (%) Cumulative percent of variance (%)
1 4.42 29.49 29.49
2 2.72 18.13 47.62
3 1.89 12.57 60.19
4 1.46 9.74 69.93
5 1.46 9.73 79.65
Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Communalities
EC 0.84 -0.29 -0.16 0.20 0.09 0.86
pH -0.19 0.66 0.10 -0.55 0.20 0.82
T -0.33 0.78 -0.10 0.24 0.09 0.78
DO -0.09 0.78 -0.19 -0.24 -0.11 0.72
K? 0.22 0.11 0.19 0.87 0.04 0.85
Na? 0.79 -0.10 0.29 -0.32 0.10 0.83
Ca2? 0.92 -0.17 -0.06 0.09 -0.03 0.89
Mg2? 0.91 -0.14 -0.08 0.13 0.12 0.88
HCO3
- 0.85 -0.29 -0.06 0.05 -0.22 0.85
Cl- 0.67 0.21 0.00 0.26 0.21 0.60
SO4
2- 0.19 0.41 -0.20 -0.04 0.66 0.68
NO3
- 0.01 -0.13 -0.11 0.02 0.88 0.80
Fe -0.08 -0.07 0.92 0.07 -0.03 0.86
Mn -0.01 -0.10 0.88 0.07 -0.25 0.86
SiO2 0.13 -0.77 -0.01 -0.21 -0.04 0.66
Table 3 Discriminant function coefficients and the high coeffi-
cient values are shown in bold
Predictors Fisher’s method
Function 1 Function 2 Structure matrix
Factor 1 20.84 0.36 20.25 0.40
Factor 2 1.13 0.17 0.69 0.38
Factor 3 0.12 20.46 0.03 20.43
Factor 5 20.05 0.79 20.01 0.76
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time indicator in the Sanjiang Plain. The negative corre-
lation between SiO2 concentrations and DO (Fig. 3)
implies that DO is consumed when the surface water
recharge into the groundwater, and results in reducing
environment for the groundwater with long residence time.
The combination of factor 1 and 2 is recognized as the
representative of natural hydrochemistry evolution pro-
cesses (rock weathering and consumption of DO by organic
matters) in the study area.
Factor 3 with high positive loadings on Fe and Mn is
defined as ‘‘geogenic pollution’’ factor. Factor 5 with high
positive loading on NO3
- and a moderate loading on
SO4
2- is recognized as ‘‘anthropogenic pollution’’ factor,
which is usually identified in the urban-, industry-, and
agriculture-intensive areas due to the domestic wastewater
discharge and agricultural activities (Dragon 2006; Lam-
brakis et al. 2004). The appearance of both NO3
- and
SO4
2- in factor 5 implies the same sources for these two
elements N and S. Major sources of NO3
- come from
fertilizer (chemical fertilizer and manure) and have been
identified by Cao et al. (2012) by applying nitrogen isotope
tracing tools. Papatheodorou et al. (2006) summarized
three possible sources of SO4
2- in groundwater and surface
waters as atmospheric deposition, sulfate-bearing fertilizers
and bacterial oxidation of sulfur compounds. In this study,
considering that SO4
2- appeared both in factor 5 with
NO3
-, it implies that SO4
2- also presented a similar source
with NO3
-, coming from the use of fertilizers such as
ammonium sulfate with major element of N and S. The
combination of factor 3 and factor 5 is recognized as the
‘‘pollution’’ group which indicates major processes dete-
riorating the regional groundwater quality.
Hydrochemical differences
Hydrochemical differences have been detected among SW,
SG and DG from Table 1. The natural hydrochemistry
evolution processes and pollutions discussed in section
‘‘Processes controlling the regional hydrochemistry’’ are
treated as two major reasons resulting in these differences.
Here the factor scores are employed to quantify these dif-
ferences. Surface water and groundwater samples are well
separated by scores of the factor 1 and 2 (Fig. 4). Surface
water is located in the left upper quadrant with factor 1
scores B0 and factor 2 scores C0. It implies that influence
of rock weathering is lower in the surface water comparing
to groundwater due to relative short residence time. In
addition, contacting with air makes surface water have oxic
conditions and high factor 2 scores.
Most of groundwater samples (SG and DG) are located
in the lower half of Fig. 4 with factor 2 scores B0,
implying that groundwater begins to enter into anoxic
zones due to DO consumptions by organic matters without
supply. The SG and DG mix together and are not well
separated by factor 1 and 2, showing that their hydro-
chemistry are controlled by similar processes, here mainly
referring to water–rock interactions. However, some
‘‘extremely affected’’ samples (mainly SG) with factor 1
score higher than ?1 are characterized as high salinity
because of the influence of evaporations, and some DG
samples with factor 2 score lower than -1 implies enhance
silicate weathering due to its long residence time.
Figure 5 presents the plot of factor scores for factor 3 and
5 to explain the hydrochemical differences caused by pol-
lutions. Most of the SW and DG samples are confined by
factor scores ranging from -1 to 1 showing that slight con-
taminations of surface water and deep groundwater.
Fig. 2 Gibbs (1970) plot for cations
Fig. 3 Relation between DO and SiO2 concentrations
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Specifically, the SWsamplesmainly located in the upper half
of Fig. 5 with relative high factor 5 scores show that the
major pollutant is NO3
-, while for the DG,which are located
in the lower half, have elevated Fe and Mn as the major
pollutants. Comparing with SW and DG, SG is vulnerable to
contaminations because groundwater table is shallow and the
pollutants are easily passing through the unsaturated zones to
recharge groundwater. Most of the SG samples locate out of
the square bonded by the dot lines in Fig. 5 indicating serious
pollutions caused by elevated NO3
-, Fe and Mn.
Hydraulic connections revealed by hydrochemistry
In the Sanjiang Plain, many wells with depth deeper than
50 m have been dug for water supply due to the
contamination of shallow groundwater. It is necessary to
identify the hydraulic connections among SW, SG and DG,
because extractions of deep groundwater may lead to pol-
lutants transporting vertically from shallow groundwater to
deep groundwater, and the contamination of deep
groundwater is a more serious problem to be dealt with. In
this study, the hydraulic connection is identified by eval-
uating the hydrochemistry similarity according to dis-
criminant analysis.
The magnitudes of the coefficients given by Fisher’s
discriminant function directly show the importance of cor-
responding predictors and their contributions to discriminate
the three groups (Table 3). For the discriminant function 1,
the residence time factor (factor 2) with the largest coeffi-
cient 1.13 has the most substantial differentiating ability for
discriminate scores and it is followed with the ‘‘salinity’’
factor (factor 2) which shows the second largest discriminate
ability. Obviously, the function 1 discriminate the SW, SG
and DG from the point view of natural hydrochemistry
evolution. For the discriminant function 2, the ‘‘anthropo-
genic pollution’’ factor (factor 5) shows its largest coefficient
of 0.79 and the ‘‘geologic pollution’’ factor (factor 3) has the
second largest coefficient with a value of -0.43, and this
function discriminates the three groups by the pollution
indicators. Similar result is also confirmed by the structure
matrix which shows the absolute correlation between each
variable and any discriminant function.
The surface water (SW) is well separated with the
groundwater samples (SG and DG) in the function 1
dimension, but for the SG and DG, samples gather together
and cannot be well separated in both function 1 and
Fig. 4 Factor scores between factor 1 and 2. The dot line box shows
the range of factor scores between -1 and ?1
Fig. 5 Factor scores between factor 3 and 5. The dot line box shows
the range of factor scores between -1 and ?1
Fig. 6 Separate groups by discriminant functions by Fisher’s
discriminant functions
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function 2 dimension (Fig. 6). Specifically, the correct
classification ratio for SW, SG and DG were 95.7, 54.2 and
63.6 %, respectively by applying the discriminant func-
tions (Table 4). Moreover, 41.7 % of shallow groundwater
samples are misclassified into deep groundwater group,
while 36.4 % of deep groundwater samples are misclassi-
fied into shallow groundwater group. The poor discrimi-
nant ability for the SG and DG shows their hydrochemical
similarities, and emphasized that tight hydraulic connec-
tions existed between SG and DG.
Conclusion
In the Sanjaing Plain, one of the most important grain
production bases in China, water resources security has
been recognized as a warranty of food security. Water
pollution due to human activities threatens the regional
water security, so in this paper, the major ion and pollutants
hydrochemistry for both surface water and groundwater
was studied by two multivariate analysis methods, factor
analysis (FA) and discriminant analysis (DA), aiming to
well understand the processes controlling the regional
hydrochemistry, hydrochemical difference among SW, SG
and DG, and hydrological connections for the three water
bodies.
Factor analysis identified five factors accounting for
79.65 % of the total variance in the dataset. Two main
factor groups were recognized as the main process con-
trolling the regional hydrochemistry. The first factor group
named ‘‘natural hydrochemistry evolution’’ consists of the
‘‘salinity’’ factor and ‘‘residence time’’ factor, and the
second group revealing the ‘‘water pollution’’ is the com-
bination of the ‘‘geogenic pollution’’ factor and ‘‘anthro-
pogenic pollution’’ factor. Factor scores show the
hydrological differences for SW, SG and DG. The surface
water is characterized as having relative low salinity, slight
contaminations and an oxygen-enriched state. The shallow
groundwater has relative high TDS due to groundwater
evaporation and is severely polluted with elevated nitrate,
Fe and Mn. The deep groundwater has moderate TDS due
to water–rock interaction during long residence time, and
its major pollutants are Fe and Mn.
Fisher’s discriminant method was used to discriminate
the hydrochemical differences between SW, SG and DG,
and shows that the factor group of ‘‘natural hydrochemistry
evolution’’ had the most substantial discriminant ability for
the surface water and groundwater. Poor discriminant
ability for the shallow groundwater and deep groundwater
reveals their hydrochemical similarity, indicating hydraulic
connections between SG and DG.
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